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Introduction
The German Microcensus (MC) is a 1% survey on households carried out by the German Statistical Office. The primary goal of the MC is to collect information about the population structure, labour market behaviour and the housing situation. It is conducted on a yearly basis, with each sample household retained for four consecutive years and one fourth of the sample replaced each year. Originally the MC was designed to produce cross-sectional data, but it can also produce longitudinal data by linking together the data on each individual across years, see Heidenreich (2002) . Thus, it has the potential to support an analysis of change, the maximum length of longitudinal information on one individual being four time points. Furthermore, the MC is characterized by mandatory participation. This feature reduces the nonresponse to a minimum level.
A methodological problem of the longitudinal use of the MC arises from the fact that residential movers are not traced. This is due to the fact that the MC uses area sampling, where the dwellings within the area are sampled and residential movers are not followed to their new homes. Instead, new persons who move into the dwellings of the residential movers enter the MC sample. The missing information about the mobile persons in the MC might lead to some systematic bias in the analysis of interest, if the residential movers differ systematically from persons who stay at their home. For example, if we are interested in changes from unemployment to employment, then a move to a different place may be prompted by a new job, see Wagner/Mulder (2000) . However, due to the lack of corresponding data for residential movers, the impact of current changes of the labour force status on the mobility behaviour can not be analyzed. Moreover, the performance of correction methods in the presence of a bias is not available.
The problem of the longitudinal use of area samples is not restricted to the German MC. A similar problem occurs in the British Labour Force Survey 1 (LFS), which is also a rotating panel based on area sampling and is also used for longitudinal analysis, see Clarke/Tate (1999 , 2002 and Tate (1999) . However, here the time intervals between successive interviews is only three months and the total duration of households in the sample is 15 months. Thus, the extent of residential mobility is much smaller. Furthermore, participation in the LFS is not mandatory, resulting in substantial non-response rates. Therefore Clarke and Tate have collapsed all sources of missingness and created a weighting scheme based on an analysis of the collapsed non-response. For the evaluation of this weighting scheme they used a simulation where they generated labour force states and non-response pattern from statistical models, see Clarke/Tate (2002) .
Here we use a different approach, that avoids the generation of labour force states and carefully reflects the nonresponse mechanism by residential mobility. Our approach is based on data of the German Socio-Economic Panel (SOEP) which covers residential mobility. In order to assess to what extent the missing information about residential movers affect the estimates, we compare results based on the full SOEP sample with estimates based on the SOEP subsample of immobile persons, which mimics the MC. However, the two surveys differ with respect of their sampling design and the questionnaire. Also the SOEP is subject to panel attrition. These differences make it necessary to evaluate carefully the comparability of results from these surveys.
With respect to correction methods, we used standard methods in the analysis of gross changes, namely weighting of transition tables by inverse propensity scores of mobility (IPW approach) see, for example, Robins et al. (1995) , Miller et al. (2001) , and loglinear modelling of incomplete contingency tables. The loglinear approach uses a model for completely cross-classified contingency tables. The table results from the indicators of interest and the corresponding response indicators. Several papers proposed models for cross-tabulations with missing values, such as Baker/Laird (1988) , Chambers/Welsh (1993) , Little (1985) . Our methodology is evaluated for labour force flows, which serves as a standard example in the analysis of change, see for example Stasny (1986) and Clarke/Chambers (1998) . While Stasny (1996) has used the observed labour force state as an indicator for a missing observation, Clarke and Chambers (1998) used the unobserved labour force state for this purpose. Here we will go one step further and will investigate whether special transitions between labour force states should be used as indicators for residential mobility. Besides its use as a standard example, labour force flows are a key topic in both surveys, the MC and the SOEP.
The paper is organized as follows: first, we investigate the comparability of the SOEP and the MC and display the extent of residential mobility in both surveys. Then we estimate the size and significance of the non-coverage bias for labour force flows. In section 4 we introduce the inverse probability weighting approach and assess the corrective power of the IPW estimates. In the next section, we describe a loglinear approach and assess the performance of this approach to reduce biases in the estimates of labour force flows. In the last section we summarize our findings.
2 Measurement of residential mobility by the SOEP and the MC
As we are going to use the SOEP as a means to control the non-coverage bias in the MC we have to check the comparability of these two surveys with respect to residential mobility. Both surveys are interviewer-based and address similar topics. There are some minor differences in the design of the questionnaire. Here, the MC uses a strict concept of a reference week (last week in April) whereas the SOEP refers to the moment of the interview (approximately the end of March).
The MC and the SOEP use different sampling designs. The SOEP uses oversampling of special sub-populations, namely foreigners, East-Germans and immigrants, see Haisken-DeNew/Frick (2005) . It has been started in 1984. So in 1996 the major part of the SOEP stayed for 12 years in the survey. In contrast, the MC uses an equal probability sample for the entire population, being the resident population in Germany for both surveys 2 , see Heidenreich (2002) . The rotation group that is analysed here started its MC membership in 1996.
The important difference of the two surveys that is used here is in the treatment of residential mobility. According to the area sampling of the MC dwellings are sampled and residential movers are not followed. Unlike in the SOEP, where residential movers are followed, this feature leads to missing information for residential movers at their new home. Instead, new persons who move into the dwellings of the residential movers enter the MC sample. Such moves are not covered in the SOEP, where only moves into already existing households are recorded.
Furthermore, participation in the MC is mandatory. Hence non-response due to noncontact and unwillingness is reduced to a minimum level of about 3 percent. Contrary, the SOEP is based on a voluntary participation. In a panel survey one has to distinguish between non-response at the start of the SOEP in 1984 and panel attrition in subsequent waves. The initial non-response at the start of the SOEP was about 30 percent. The attrition rate between subsequent waves is about 5 percent per wave, see for example Rendtel (1995) and Kroh/Spiess (2006) for more recent figures. For panel attrition field work is of utmost importance. This does not only hold for the SOEP but also for other European household panels, see Behr et al. (2005) . Here residential mobility has in general a negative impact on participation rates, even if we control for other variables like age and education level. This may raise doubts about the SOEP as a useful means to control the effect of not covering residential mobility.
The following arguments underpin the use of the SOEP as a means for bias control:
a) The effect of panel attrition in the European Community household Panel (ECHP), which includes the SOEP as a national subsample, is generally small, if not ignorable, see Ehling/ Rendtel (2004, Section on panel attrition) . Even in the case where one has perfect control on non-response and attrition, like in the Finnish subsample where information from the national register can be used for participants and non-responders, there was no evidence of a virulent attrition bias for change-analysis, see Sisto (2003) .
b) There was some evidence of a bias resulting from initial non-response, however in later panel waves this initial non-response bias declines very fast, see Sisto (2003) for an example on change analysis with Finnish register data.
c) For the SOEP residential mobility was always included as a variable to control nonresponse via estimated response propensities, see Kroh/Spiess (2006, Section 3) . The inverse of the response propensities was multiplied by the initial survey weights to produce design-based estimates of population totals and proportions.
In general unweighted estimates of transition probabilities show only minor differences to the design-based estimates, as we will demonstrate below.
d) Finally, as a simple matter of scale, about 85 percent of all residential movers in the SOEP participate in the next panel wave, see Rendtel (1995, p. 219) . So the potential of an attrition bias, expressed by the percentage of the sample size that is lost, is rather small.
Special care must however been given to the longitudinal treatment of attrition and the computation of the mobility status in the SOEP. As long as a SOEP sample person is in the gross sample his or her mobility status is known. This holds also in the case when no interview was realized. However, in the next year such a person is no longer in the gross sample and therefore the mobility status is no longer recorded. Thus, if we take for example the mobility status from wave 96 to 98, we know the mobility status in 98 of the attriters in wave 97 if they moved away in 97. But we don't know the mobility status of 98 if the attriter in wave 97 did not move in 97. In this case we have to know the mobility behaviour in wave 98 which is unknown in this case. Inclusion of all cases with known mobility status would therefore yield too high mobility rates. Therefore one has to skip the attriters of wave 97 from the analysis of mobility over the period 96 to 98. Similar arguments hold for the period 96 to 99, where the attriters of the waves 97 and 98 have to be skipped.
e) The total rate of residential mobility in the SOEP and the MC is very similar, see Table 1 . 3 This holds for the unweighted and weighted SOEP data. According to the MC, the cumulative effect from 1996 to 1999 amounts to about 26 percent of all individuals, which is a substantial part of the longitudinal sample. Figure 1 . The mobility rates of the SOEP and the MC almost coincide within the range of 16 to 65. The pattern displayed in Figure 1 exhibits a high mobility for young adults (people leaving the parental home, moving together with a new partner, etc.). Similar pattern can be found for the periods 1996-1998 and 1996-1999 . g) The impact of covariates in a logit model for residential mobility is almost identical, as shown below in Table 2 .
In order to produce comparable results the set of covariates must be identical for the SOEP and the MC. The variables we use for explaining the mobility behaviour are: age-groups, household size, sex, region, education level, nationality, marital status, and labour force status. For the reference category, we consider an unmarried female between 50 and 65 years being not in labour force, with lower education, leaving in western part of Germany and in household that contains more than two persons. The variables are measured at the start of the period in 1996. 4 The dependent variable is the residential status in 1997.
For the estimation of the model we had to consider the dependency 5 of residential mobility at the household level, i.e. in the great majority of cases, about 85 percent, all persons in a household react in the same way. One approach 6 to cope with this dependency is the GEE approach of Liang/Zeger (1986) . For the working correlation matrix we selected the equi-correlation matrix. coefficients for logarithm of odds ratio P(R = 1)/P(R = 0)
The first column in Table 2 (MC) shows the results of the logit analyses based on the MC and the second column (SOEP) the results based on the SOEP. The third column displays the differences between the two estimates. Significant estimates are indicated by bold figures. The significance level is 0.05. 4 An important explanatory variable of residential mobility, housing tenure, is not used here because it is available in the MC only for the year 1998.
5 Ignoring dependency would lead to incorrect estimation of standard errors, resulting in incorrect inferences of parameters.
6 Alternatively, Clark/ Chambers (1998) proposed to use an analysis at the household level. The individual characteristics have then to be transformed into variables that count the occurrence of certain people within the household. Basic et al. (2005) used this approach. Their conclusions were the same as reported here.
7 For the computation we used the SAS procedure GENMOD.
Concerning the estimated effects of the observable covariates in 1996, we find the following: Age is the most important variable for mobility. This was clear from Figure 1 . The corresponding estimated coefficients for the MC and the SOEP show almost no difference. It is also reasonable that 1-person households have a higher tendency for a residential move. This is well reflected for the MC and the SOEP. Furthermore, persons with tertiary level of education have a higher mobility rate. This is also plausible and holds in both surveys. The same holds for the unmarried persons. In the case of nationality we find substantive differences. This concerns the significance of the variable within each surveyfor the SOEP nationality is no longer significant -but also the difference between the two estimated coefficients is significant. This difference can be related to the the origin of the SOEP foreigner sample (Sample B), which is a sample of immigrant workers that was created in 1984. It is reasonable to assume that after more than 12 years in Germany this population has adapted to some extent to the general German mobility level. The difference between the two intercepts merely reflects the different mobility rates for foreigners who constitute the reference category.
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Finally, we used the indicators for the labour force status as predictors of the residential mobility. The results indicate a lower mobility for those who are not in the labour force, which is plausible. In principle both surveys give results in the same direction. However, the difference between the coefficients for unemployment is significant. We do not see any argument for systematic differences of the SOEP and the MC with respect to unemployment. So the result may be simply the outcome of picking for significances. h) Finally, in order to compare the measurement of the labour force status, we compared the labour force flows for the persons without residential mobility. to check whether the differences between the estimates based on the MC and the SOEP are significant. Significant differences (p-value<0.05) are printed in boldface. The results in Table 3 reveal that differences between corresponding estimates of MC and SOEP are small. However, some of these differences are significant. This may be due to the very high case numbers in MC resulting in small estimated standard errors.
The only exception are the transitions from unemployment to unemployment/not being in labour force for a single time interval, the period 96-99. Here we found a minor change in the construction of the SOEP questionnaire from 1998 to 1999. This leads to a slight exchange in case numbers between the states U and N for the year 1999. Thus, one has to be careful with instabilities in the questionnaire design. However, for all other transitions and periods the results of Table 3 are quite promising.
From these findings we conclude that the process of residential mobility is comparable between the two surveys. We also conclude that the measurement of the labour 8 Adding the intercept and the coefficient for being German results for both survey in the same value. 9 In fact, for the time intervals 1996 -1998 and 1996 -1999 the difference of the coefficients of unemployment is no longer significant. These results can be obtained from the authors upon request. 10 We performed a two group test, which is based on the fact that two samples are independent from each other. We used the following test statistic t = 3 The bias due to the missing information on residential movers
A labor force flow is defined as the probability of individuals moving from one economic activity state (E=employed, U=unemployed, N=not in the labor force) at t 1 to another state (or possibly the same state) at t 2 . If A denotes the activity status at time t 1 and B the activity status at time t 2 the interest of change analysis 11 is the estimation of P (B|A, X), where X is a set of observed covariates. Regional non-mobility is indicated by R. In the case of the MC R = 0 means that the person is not followed and B is not observed.
12 In this section we want to analyze whether conditioning on R = 1 is relevant. Thus we will estimate P (B|A) − P (B|A, R = 1) or P (B|A, X) − P (B|A, X, R = 1) if covariates are concerned. Note that the result may be different for turn-over tables with or without covariates.
Below we will use the nomenclature of missing data types, which was coined by Rubin (1976) for likelihood analysis. Within the given context R may be called: a) Missing completely at random (MCAR) if:
11 There is a slight difference to the analysis of Clarke/Tate (2002) , who are interested in the unconditional probability P (A, B) . The use of A as a control variable will ease the comparability of SOEP and the MC. 12 Remember that the situation in the MC is more complex than in the SOEP, as there appear persons who move into the dwellings left by the residential movers. This situation will be analyzed later.
b) Missing at random (MAR) if:
c) Not missing at random (NMAR) if:
By virtue of the Bayes theorem the MAR condition is equal to:
Thus we are going to check whether missingness due to residential mobility is MAR. Note that there is no way to test the MAR hypothesis from the MC-data alone as we have no information on P (B|A, X, R = 0).
With the SOEP-data we use the following estimates:
where n A is the sum of the n B,A over B and n B,A is the number of observations with labor force status B at t 2 and A at t 1 . Similar n B,A,R=1 is the number of observations with profile A, B among the non-mobile persons (R = 1). Summing up the n B,A,R=1 over B gives n A,R,=1 . As P ALL (B|A) is the ML-estimate of P (B|A) it is asymptotically efficient. Under the Null-hypothesis of MAR P IM M O (B|A) is a consistent estimator for P (B|A). Hence the variance of the difference can be computed by the difference of the variances , see Hausman (1978) . Thus in order to test the differences ∆ =P ALL −P IM M O we compare ∆ with its standard deviation σ 2
. Under the Nullhypothesis that both estimates are consistent, the standardized ∆ 2 is χ 2 distributed with 1 DF. 14 15 16 Table 4 presents the estimates of the labor force flows. The first column of Table  4 displays the estimates obtained using the full SOEP sample, the second column the estimates obtained using the subsample of immobile persons, and the third column the difference between the two estimates. Significant differences (p-value < 0.05) are indicated by bold figures. 17 In order to detect possible trends in the difference of estimates, we estimate labour force flows for the periods 1996/97, 1996/98, and 1996/99. 13 Furthermore there must be no functional dependency between P (A, B, X) and P (R|A, B, X). 14 One might have compared the difference P IM M O − P M OV E , where P M OV E is an analogous estimate based on data from residential movers. However, this difference is a poor estimate for the bias resulting from the non-coverage of the residential movers. 15 The behaviour of the efficient and the consistent estimator under the alternative is exchanged here. In econometric application the efficient estimator becomes inconsistent while the consistent estimator remains consistent under the alternative. As the Hausman-test is evaluated under the Null hypothesis this change is irrelevant here. 16 Note that in some cases the variance of the estimatorP IM M O (B|A) may be smaller than the variance ofP ALL (B|A). This is due to the asymptotical nature of the result. In these cases the test cannot be applied. 17 We tested the hypothesis that the bias of the flow to U and E is equal to zero. This implies also a zero bias for the flow to the remaining category N. The results in Table 4 indicate that the MAR assumption will not hold for some transitions. For example, the flows from unemployment to employment (U → E) are underestimated using only the information from immobile persons. This finding is plausible as the new job might have caused a change of residence. Also transitions from being not active to employment (N → E) are underestimated as the change into employment is often seen as a reason to leave the parental home. Note that we did not use covariates. As age is an important variable for mobility we use a dummy variable for age ≤ 30 in the transition analysis too. The result is shown in Table 5 . For the transition U → E the control by the age dummy is quite effective. However, for the transition N → E there seems to be no control effect in the group below 30. This happens despite the fact that age has a clear impact on the transition rate N → E: the transition rates between the two age groups differ by a factor of about 4. In this case the association between a transition N → E and residential mobility seems to be restricted to the age group under 30. This appears to be plausible as for young persons entries into the labour force are very often combined with a move from the parental home. At a higher age this reasoning holds not any longer.
Bias correction by inverse probability weighting (IPW)
The idea of this approach has some similarity with the Horvitz-Thompson estimator of design-based survey methodology, see Särndal et al. (1992 p.42) . In this approach every unit i in the finite universe has a selection probability π i that is determined by the sampling design. The characteristic y i of unit i is then weighted by w i = 1/π i to estimate population entities like, for example, a total t = i∈U y i . Then t is estimated by the weighted sum of the sample observationst = i∈s w i y i .
As the MC-panel file is produced by German Official Statistics it is offered together with weights to be used in standard calculations. In this case the weights are the inverse of the estimated probability of R i = 1, i.e. the probability to stay at the same residence. This weight is applied to the subsample of residential stayers.
Despite the formal similarity with the design-based approach this calculus cannot applied here. This is due to the fact that the selection probabilities of residential movers are zero by design and the Horvitz-Thompson estimator does not cover this case.
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However, the IPW approach works also in a model based setting, see for example Robins et al. (1995) . The basic argument is shown here within the context of a logit model, which can be easily extended to the general GEE-approach, see Liang/Zeger (1986) for the GEE-approach and Copas et al. (2004) for an application of the IPWapproach within the framework of GEE.
In order to simplify the notation we denote the set of covariates that explain transitions between labour force states by V = (A, X) . We also restrict our analysis to a special state, say B = b 0 . Thus the dependent variable Y of the logit model, indicates whether a change from A to B = b 0 takes place (Y = 1) or not (Y = 0). Then the logit model is given by:
If there were no missing data, the estimating equations are given by:
with µ i = (1 + exp(−β V i )) −1 . Thus, if all values of Y and V are observed, the maximum-likelihood estimateβ satisfies Uβ = 0. Moreover, at the true population parameter values, β true , the expected value of the left-side of (8) is zero. This property guarantees the consistency the parameter estimate, see Cox and Hinkley (1974) .
In the presence of residential mobility the IPW estimator is defined setting the sum of weighted scores
with π i = P (R i = 1|Z i ) to zero. Here, Z i are socio-economic covariates, which are assumed to affect residential mobility.
Denote by E R|Y,V,Z (·) the expectation with respect to the conditional distribution of R with (Y, V, Z) being fixed. Similar E Y |V,Z (·) denotes the expectation with respect to the conditional distribution of Y with (V, Z) being fixed. Then, by the law of iterated expectations, we have:
If the last term in the above expression equals one then for every fixed set (V, Z) the expected value of the right hand side of the above equation is zero. Thus on average with respect to R the IWP estimator solves the ML-estimation equation for the data set without losses due to residential mobility. This guarantees the consistency of the IPW estimator.
Thus we have to assume
Usually we would assume the V -covariates, explaining transitions into labour force state B = b 0 to be a subset of the Z covariates. 19 In this case the above restriction implies that the residential mobility must not directly depend on the transition into the state B = b 0 . Note that such a statement is more general than the MAR statement in (2) as the set Z of control variables for the residential mobility may be quite general. In principle the whole set of all observed variables may be included into Z.
The idea to use the IPW estimator also in the NMAR case is as follows: suppose that R depends intrinsically on the labour force state B, which means P (R i = 1|A i , B i , X i ) = P (R i = 1|B i ). Then it is supposed that (A i , X i , Z i ) act as reasonable proxies for B i , i.e. we assume
Such a hypothesis can be directly checked with the SOEP data. Table 6 displays the SOEP mobility rates depending on A and B. It is immediately seen that neither a main effect in A nor in B will adequately describe the dependency of the residential mobility on labour force states. However, such a statement may change in the presence of covariates. In a first step we augmented the mobility model from Table 2 with the labour force states B (Model 2). The result is shown in Table 7 . In fact the significant impact of the previous labour force state A on residential mobility vanishes immediately, while the current labour force state B turns out to have a influence on the mobility behaviour. Furthermore, Model 2 results in a better fit of the data, as indicated by the pseudo R 2 . However, the impact of the other covariates remains the same. Thus P (R i = 1|A i , B i , X i ) = P (R i = 1|B i ) does not hold. For those who stay in the same labour force state P (R i = 1|A i , X i ) is a reasonable approximation for P (R i = 1|B i , X i ). However, for a person with transition N → E the residential mobility is understated by approximately 18 percent. 20 For the transition U → E we end up with an underestimate of mobility by 14 percent.
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As a main effects model the Model 2 is restrictive with respect to the impact for the labour force states on the mobility rate. From Table 6 we can conclude that there are 3 groups with different mobility behaviour. There is a group with high mobility rates consisting of the transitions U → E,N → E and N → U . The group with low mobility is given by the transitions N → N and U → N (Model 3). However, we also tried a different grouping by putting the transition U → N to the rest category with mean mobility intensity, (Model 4). All other transitions may be collected into a group with mean mobility.
It is interesting to see that all main effects of the labour force states immediately vanish, while the estimated effects of the other covariates remain stable across the different models.
22 From Model 4 we conclude, that apart from other covariate effects the residential mobility is linked to changes of the labour force status. Note that such a model is different from the test model of Clarke/Tate (2002) which is a main effect model similar to Model 2. This test model is taken as the truth in the simulation experiments to evaluate the bias reduction in the British LFS.
To analyse the corrective power of the IPW approach, we now compare the above Model 3+4: Model 2 + different indicators for transitions coefficients for logarithm of odds ratio P(R = 1)/P(R = 0)
Standard deviations in paranthesis computed biases (Table 4) with biases obtained when using the weights. The bias obtained when using the weights is calculated asP ALL (B|A) −P IP W (B|A), wherê P IP W (B|A) is the estimate obtained by weighting the observations of the immobile persons. However, due to the lack of knowledge of the estimateP ALL (B|A) for the MC, such a direct comparison is possible for the SOEP only. Therefore, to assess the corrective power of the IPW approach for the MC we calculate an improvement rate (IR) which is based on the ratio between the correction for the MC and the estimated bias from the SOEP, i.e.,
The IR gives the proportion of the bias corrected by using the above weights. Here, we assumed that the bias in the SOEP and the MC is of the same size, i.e,P ALL (B|A) − P IM M O (B|A) is the same in the SOEP and the MC. According to the interpretation of the IR we distinguish following cases: First, an improvement rate of 1 indicates a complete bias reduction. Second, the bias will be reduced to some extent if the rate lies between zero and one. Third, a negative value of the rate implies an increase of the bias. Fourth, a rate equal zero indicates complete failure of the bias reduction. Finally a rate larger than 1 implies a correction in the right direction but this as too big amount. We call this over-correction. An over-correction of 2 corresponds to the same absolute bias with no correction, but it has the opposite sign. Table 8 presents the performance of the IPW approach only for the labour force flows, where the substantial bias occurred, i.e. U → E and N → E. The weights were computed by the estimated non-mobility scores according to the model from Table  2 . The first column in Table 8 (Bias) shows the original bias in percentage points, the second column (SOEP) the corrected proportion of the bias for the SOEP and the third column (MC) the corrected proportion of the bias for the MC. In column MC* we present the results by using the longitudinal weights produced by the statistical office.
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These weights were generated by calibration to population totals at the beginning and 23 Because of the large number of calibration constraints we were not able to produce the same results for the SOEP. Results for the SOEP with a simplified calibration scheme can be found in Marek (2005) . the end of the reference period, including age groups, sex, regional strata and foreigner status. Furthermore there was a calibration to the number of births, deceased persons, divorces and marriages to took place in between, see MC panel User's Guide (2006).
The results in Table 8 reveal that all the biases are reduced to some extent. For example, in the case of the flow U → E the resulting correction lies between 49 percent (1997) and 87 percent (1999) for the SOEP and between 46 percent (1997) and 69 percent (1999) for the MC. Note that the correction rates for the SOEP and the MC are similar, re-affirming our general approach to choose the SOEP as an evaluation instrument for the MC. The calibration approach appeared to be very effective in reducing the bias, resulting in a reduction rate of about 80 percent. As this approach uses a different methodology 24 it does not compare directly with the IPW estimator. However, these weights were constructed for a use independent of the variable of interest, i.e. they were not designed with special reference to labour force transitions. So the user of the MC panel may be well off by using the calibration weights also for other analyses.
Finally we may ask whether it is helpful to use control variables like age in tabulations, like in Table 5 , together with the weighting variable. However, as age was already used for the construction of weights there was no additional bias reduction.
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Loglinear Approach
In contrast to the weighting approach where only information of residential stayers are used in the analysis, the loglinear approach makes also use of information of mobile persons. Here we introduce two response indicators, R and S, representing whether A or B are missing or not (0 for missing; 1 for not missing). If we use the SOEP to indicate missingnes due to residential mobility only variable B can be missing. Thus, in the SOEP we have only one response indicator S. However, in the MC we have persons that move into the dwellings of residential movers. For them A will be missing.
The data then can be represented by the cell frequencies of a hypothetical complete data contingency table, cross-classified by A, B, R, and S for the MC and by A, B, and S for the SOEP. Table 9 presents this data structure for the MC with A and B having three categories (E,U,N). In the case of the SOEP we only have a table completely classified by A and B and a marginal table classified by A only.
For residential stayers the observed data are the cells of the A*B 2-way table. However, if the persons move at t 1 or t 2 the observed data correspond to the margins of the table: r(E+), r(U +), r(N +) are the observed data if persons have not moved at t 1 , but move away at t 2 ; and s(+E), s(+U ), s(+N ) are the observed data if persons move in at t 1 but are immobile at t 2 . As the table is incomplete, a fully saturated log-linear model is not identifiable.
It is the basic idea of this section to use information from the SOEP to gain restrictions for the impact of A and B on R and S. In principle it would be possible to analyse the two data sets jointly. But this might be regarded as a too mixed use of two different surveys. However it might be accepted to use the functional relationship of labour force states on the residential mobility known from the SOEP also for the MC.
The joint distribution 26 P (A, B, R, S) can be factorized as P (A, B)P (R, S|A, B). 
The observed likelihood corresponding to the above model is given for the MC by
and for the SOEP by
where S RS refers to the set of individuals with response pattern (R, S).
To ensure that the model parameters can be estimated 27 , the model P (R, S|A, B) must be constrained in accordance with some assumption about the reasons why persons move. Here, we assume that the breakdown of residential movers into persons who move out of MC homes and persons who move into MC homes is due to the randomization of the MC sample. As each move out is also a move in it seems reasonable to assume P (R = 1, S = 0|A, B) = P (R = 0, S = 1|A, B), i.e. the probability that the person moves out is equal the probability that the person moves in.
Further constraints can be derived for the P (R = 1, S = 0|A, B) from the SOEP. From Table 6 we conclude that R depends on the flows from A to B with three groups of transitions for high, low and middle mobility. We will use three alternative sets of restrictions. For alt1 and alt2 we use the same grouping for high mobility. As in the previous section these were the transitions U → E,N → E and N → U . The group with low mobility is different for alt1 and alt2. For alt1 we used the transitions N → N and U → N to indicate low mobility rates. In alt2 the transition U → N was attributed to the group with mean mobility. Finally, in order to refer to the results from the IPW-approach, we used a main effect model for the current labour force state B, indicated by alt3. Note, that the model with a main effect of state A, results in the MAR assumption. In this case we obtain no correction of the transition probability estimates from the non-mobile persons. Table 10 displays the estimated improvement rates for the two transitions with the largest bias. In order to demonstrate the effect of the two restrictions we used the MC data in two versions. In column MC we used MC data in the same way as SOEP data, we ignored the information from the marginal table s(+E), s(+U ), s(+N ) that arises from persons moving into MC areas. In column MC* we used the full information for all movers including also the persons moving into MC homes. MC only with indicator R (move away) MC* with both indicators R (move away) and S (move in) alt1 indicates transition U → N being attributed to the low mobility group alt2 indicates transition U → N being attributed to the mean mobility group alt3 indicates a main effect model for the current labour force state B
Restriction set alt1 works well for the SOEP where the bias reduction is higher as in the case of the IPW approach, see column SOEP alt1 in Table 10 . However, these figures are too optimistic as we have chosen the model from the same data set. Furthermore the second model, designated by column SOEP alt2 in Table 10 , appears to be even more reasonable from Table 6 , if we restrict our attention to the first period 1996-1997. However the consequences for the bias reduction in the SOEP are substantive. For alt2 the loglinear model performs even worse than the IPW approach. For example, for the transition U → E and period 1996 -1999 we have an almost perfect bias reduction under alt1 while there is no bias reduction at all under alt2. From Table 7 , which indicates that the current labour force state B is a more powerful predictor than the previous labour state A, we might be motivated to use alt3. However the resulting bias reduction is even worse than in the case of the IPW-approach.
This sensitivity with respect to the selection of restrictions applies also for the MC. However, here alternative 1 results in all cases in an over-correction of the bias, if we use only the MC data with move-away's (column MC alt1 ). The additional information on the marginal distribution of the persons that move into the MC homes does correct this over-correction for the states E and U , but not for the state N , where the overcorrection is enlarged, see column MC* alt1 . Finally alt 3 corrects for the transition U → E the bias is even in the wrong direction.
The tendency for over-correction is a typical feature of the non-ignorable models, see, for example, Chambers and Welsh (1993) or Little (1985) . This is found also here. But also the ranking of the different alternatives is different for the SOEP and the MC*: for the SOEP alt1 seems to be the better choice while for the MC* alt2 should be preferred.
Finally we investigate whether the use of control variables stabilizes the behaviour of the NMAR models. As in the IPW case we used the age dummy, indicating persons with age above 30 years. This leads to the formulation of a model for P (R|A, B, Age ≤ 30) and P (R|A, B, Age > 30). In both subgroups we use the same equality constraints of the model alternatives 1 and 2. However we did not assume the two probabilities to be equal across the age groups, which is not reasonable. Therefore, we have doubled the number of parameters in the mobility model. The high number of model parameters is an intrinsic problem of the treatment of covariates in loglinear modeling. One alternative is to use a main effect model. Here, we used a model with the main effects of Age and B which is indicated in Table 11 as alt3.
The result is given in Table 11 . Because of the increased number of model parameters the exaggerations of the NMAR model estimates remain. For example, for the transition U → E in the period 1996 -1999 the differences between the two model alternatives become even more pronounced for the age group older than 30 years compared to the total sample. Besides, for the total sample alt1 gives a perfect bias correction, while alt2 results in almost no correction at all. However in the age group > 30 alt2 results in a perfect bias correction while alt1 results in a tremendous overcorrection. The main effect model works reasonably well for the transition N → E, but for the transition U → E the corrections go into the wrong direction. Here the "corrections" are stronger than in the case with no covariates. However in one case we have a strong overcorrection.
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All models fit the observed data quite well. 29 This indicates that the likelihood is quite flat over the different models. As a consequence the standard errors for the estimated probabilities P (B|X, A) can be substantial. These standard errors are displayed in Table 11 in parenthesis under the estimate. When we compare the standard errors in column IMMO with the standard errors for the three alt-models we notice a substantial increase. This happens despite the fact that the number of observations that is used for the IMMO-model is smaller than the observations that enter the alt-models. Thus we notice that the switch to NMAR-models decreases the precision of estimates while offering consistency under the model. Furthermore the standard errors become as big as the bias itself. Therefore, the bias is regarded as statistically small. 28 age ≤ 30, period 1996 -1998, transition U → E. 29 The models alt1 and alt2 result in a perfect fit with no degrees of freedom. Model alt3 results in a goodness of fit test with a p-value of 0.41 and two degrees of freedom. alt 1 : transitions U → N attributed to the low mobility group alt 2 : transitions U → N attributed to the mean mobility alt 3 : Main effect model for B Standard deviations in parenthesis.
Conclusions
We used a methodology that carefully reflects the special type of missingness that is of interest here, namely the drop-out of persons due to residential mobility. In contrast to the approaches that use information entirely from the survey of interest we are able to make statements about the nature of missing data, even if it is not MAR. This is achieved by the use of a similar survey which covers residential mobility.
However there are some reasons why the residential mobility behaviour differs between the two surveys for certain subgroups. For example, we observed that the label "foreigners" is mainly used in the SOEP to indicate migrant workers who have been staying in Germany for at least 12 years. It is reasonable that such a label does not reflect the mobility behaviour of foreigners in general, which is the usage in the MC. However, this is the only difference we found in the mobility behaviour of the SOEP and the MC.
With the help of the SOEP we could show that residential mobility depends intrinsically on changes of the labour force status even if we control for other variables like age, sex, education, marital status, size of the household and region. Thus the missingness pattern is intrinsically not MAR. Such a finding is not feasible with an analysis of the MC alone. This finding is also different from the standard assumptions of a main effect model either in A (see for example Stasny (1986) ) or in B (see for example Clarke/Tate (2002) ).
This analysis is only possible for those characteristics that are measured in both surveys in a comparable fashion. One may object then that the MC information is useless at all as it brings no new information that could not be retrieved from the SOEP. One answer is that such a bias approximation is meaningful also for variables which are slightly different from the variables with full comparability. For example, the case numbers in the SOEP may be too small to estimate labour force changes in certain areas or population subgroups while this can be done with the MC data. Furthermore we are able to evaluate the performance of different bias correction methods in a realistic fashion.
We have gained some evidence that the bias for the SOEP data and the MC data is very similar. We conclude this from the similarity of figures on residential mobility and from similar corrections for the IPW approach. The IPW approach results in a bias reduction of aboout 60 percent.
In our analysis age is the most important predictor for residential mobility. Therefore an age dummy for age ≤ 30 may help to reduce the immobility bias. However, this did not help to reduce the undercount for the transition N → E for young persons. In the majority of cases these transitions are induced by children entering the labor force after school. Often such an event is connected with a move from the parental home. In this case the parents will probably live in the same place and it will be possible to ask them for a proxy interview for their children. Proxy interviewing seems to be a reasonable strategy for many items of interest. Besides proxy interviewing is frequently used for the German MC.
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The most powerful correction procedure is the use of SOEP restrictions of NMARtype in loglinear models for the MC. However, these estimators are under high risk of over-corrections. Therefore, this approach is regarded as hazardous. The use of control variables in loglinear modeling inflates the number of parameters and does not help to stabilize the estimates from the NMAR models.
What we recommend here, is to take a small subsample of residential movers in the MC. With such a subsample at hand it is possible to identify all parameters of the loglinear model without using restrictions from a different survey. If the sample size of such a mobility subsample is low, such an approach may be regarded as still convenient with respect to field work effort. However it can be realized only for future realizations of the MC.
For the MC panel of the past years it may be worthwhile to use the IPW approach as a robust method.
We demonstrated the gains from our approach only for two bias reduction routines. We did not evaluate all possible approaches for bias reduction, for example we did not discuss the imputation strategies as described in Little/Rubin (2002, Chapter 10) . However the weighting approach and the loglinear models for incomplete observed contingency tables are the first choice in our context, see for example Little/Rubin (2002, Section 15.7) . Besides there are some reservations to impute large proportions of a survey produced by official statistics.
Within the framework of Official Statistics calibration is a standard routine for bias reduction, see Lundström/Särndal (2005) . The theoretical framework of this approach is the design-based approach. In our example this approach proved to be very effective in reducing the non-coverage bias. As these weights were produced without reference to a certain analysis the users may be well off to use it also for other analyses.
